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ABSTRACT

We describeSRI’s large vocalulary corversationakpeechrecog-
nition systemas usedin the March 2000 NIST Hub-5E evalua-
tion. The systemperformsfour recognitionpasses:(1) bigram
recognitionwith phone-loop-adaptedyithin-word triphoneacous-
tic models,(2) lattice generationwith transcription-mode-adapted
models,(3) trigramlattice recognitionwith adaptedcross-wordti-
phonemodels,and(4) N-bestrescoringandrerankingwith various
additionalknowledge sources. The systemincorporateswo new
kinds of acousticmodel: triphonemodelsconditionedon speaking
rate,andanexplicit joint modelof within-wordphonedurations We
alsoobtainedanunusuallylargeimprovementfrom modelingcross-
word pronunciatiorvariantsin “multiword” vocalularyitems. The
languagenodel(LM) wasenhancedavith an“anti-LM” representing
acousticallyconfusablavord sequencedrinally, we applieda gen-
eralizedROVER algorithmto combinethe N-besthypothesefrom
severalsystemsasedn differentacoustionodels.

1. Intr oduction

Thegoalsin developingSRI's DECIPHERMarch2000Hub-5eval-
uation systemwere twofold: first, we wantedto integrate several
novel researchefforts into an overall recognitionsystem. We also
wantedto significantly enhancethe baselineperformanceof our
system. The secondgoal wasimportantsincewe felt thata com-
petitive baselinavasneededo demonstratéhe benefitsof new ap-
proachesandbecauseur previous, 1998 Hub-5 system$ word er-
ror rate (WER) hadlaggedbehindthe bestsystemsy about10%
absolute.

Hencewe decidedo improve our systenin asmary aspectaspos-
sible,combiningthreestratgies: (1) inclusionof known techniques
not previously part of SRI's system,(2) improved implementation
andtuning of previously usedtechniquesand(3) novel techniques
not previously usedin large vocalulary continuousspeectrecogni-
tion (LVCSR) systems|n this paperwe summarizeour efforts and
resultson all threefronts. We focuson novel methodghatgave ap-
preciableimprovementsin recognitionaccurag, but alsotouchon
someapproacheshat seemedpromisingbut did not endup yield-
ing improvedresults.We alsohopethattheresultsinvolving known
techniquesvill beusefulfor othersystemdevelopers.

Tables1 and 2 outline the processingstepsand error ratesof the
old andthe new evaluationsystemsrespectrely. As shown, the
new systemachievesa 12.5%absolute(24% relative) reductionin
WER, andinvolvesa larger numberof processingtepswhich will
be detailedbelon. The systemruntime on the Hub-52000testset
was320timesreal time on a 400 MHz Intel Pentiumsystem.Un-
lessstatedotherwisereportedesultspertainto a subsebf the 1998
Hub-5evaluationtestset,consistingof 20 corversatiorsides(1143
utterances)hatwerebalancedor difficulty androughlyfor gender

Tablel: 1998Hub-5systemstructureandperformance

Processingtep WER

1. Genderetection -

2. Cepstrameanremoval -

3. Bigramrecognitionwith SI models, -
lattice generation 59.7

4. Vocal-traciengthnormalization -
5. Phone-loomdaptation|atticegeneration 55.9
6. Transcription-modadaptation 55.2
7. N-bestrecognitiontrigramrescoring 53.0
8. Acousticrescoring 52.6

9. Confidencesstimation -

Table2: 2000Hub-5systemstructureandperformance

Processingtep WER
1. Genderdetection -
2. CepstrahormalizationVTL normalization -
3.  Phone-loomdaptationbigramrecognition 47.3
4.  N-bestgeneratiorandtrigramrescoring 45.6
5.  Transcription-modadaptatior(bigramrec) 45.5
6. Bigramlatticegenerationtrigramexpansion -
7. Adaptcross-wordnodels;latticerecognition  43.2
8. N-bestgeneration -
9. Rescoringvith classandanti-LM 41.5
10. Rescoringvith durationmodel 40.9
11. N-bestROVER w/alternateacoustionodels  40.1
12. Confidenceestimation -

(11 females,9 males)! Throughoutthe paper WER changesare
reportedasabsolutepercentagpoint differences.

2. Acoustic Modeling
2.1. Front-end processing

As in the past,our systemstartswith genderdetectionusinga two-
statehiddenMarkov model (HMM) with 256 Gaussiarmixtures,
having one stateeachfor maleandfemalespeech.The featurefor
this classificationis an 8-dimensionatepstralvector The gender

IFor corveniencewe alsouseda simplified scoringprocedurebasedon
therawreferenceranscriptswhichwaslessforgiving of spellingdifferences
andoptionalnonlexicalwordsthanthe standardNIST scoringprotocol. We
foundthatgenerallyNIST scoringreducedhe WER by about2.5%on this
developmen set. Only theresultsin Table 6 usethe full NIST scoringpro-
cedureto enablecomparisorwith ROVER.



with the higherlikelihood over the entire conversationsideis cho-
sen.

After performinggenderselection,we recomputethe featuresby
usingafront endthatwasnewly optimizedfor recognition.As did
otherresearcheris theHub-5domainweobsenedanimprovement
by wideningtheanalysisbandwidthbeyondthatof thenominaltele-
phonechannelto cover frequenciegrom 100to 3760Hz. We also
increasedhenumberof cepstrafeaturedrom 9to 13 (includingCo,
plusthe correspondindirst and secondderiatives). We foundthat
this reconfiguratiorof the front endalonereducedWER by about
4.4%absolute.

All featuresarethennormalizedto zeromeanandunit variancefor

eachcorversationside. Variancenormalizationhad not beenpart

of previous systems,and was found to give a WER reductionof

0.6%. We alsocomputedyenderdependenestimate®f the speaker
vocal-tractlength (VTL), basedon the algorithmreportedin [24].

To computethe VTL, we usea 128-Gaussiamixturemodeltrained
onasubsebf thetrainingdatausingmeanandvariancenormalized
features.The VTL for eachtestcorversationsideis thenestimated
by maximizingthe likelihood of the testdata,searchingover seven

discreteVTL valuesin the intenal [0.94, 1.06]. Oncethe VTL is

estimatedwe useit to recomputehe featureswhich arenow nor-

malizedfor VTL, meanandvariance.

2.2.Cepstral modeling and adaptation

Our primaryacoustianodelsconsistedf genonig(bottom-upstate-
clustered) continuousdensityHMMs [5]. All modelsweregender
dependenéndtrainedfrom a combinationof corpora:Switchboard
(3094 conversatiorsides,160 hours),EnglishCallHome (100 con-
versations 16 hours),and Macrophongreadtelephonespeech,18
hours). About 10 hoursof Switchboardmaterial had beenhand
checkedfor transcriptionand segmentationerrors at SRI; the re-
maining Switchboardtranscriptswere old segmentationgrepared
by BBN. After initial modeltraining,all SwitchboardandCallHome
transcriptsvere subjectedo a flexible realignment(similar to [7])
thatallowed initial or final substringgo be skippedor replacedby
a“reject” model,thusaccommodatingrrorsin segmentation.This
procedureplusanadditionalEM trainingiterationwith thecleaned-
up transcriptgesultedn a WER improvementof 0.3%.

We obsenednoimprovementdrom addingthe 1996and1997Call-
Home testsetsto the training corpus. Also, we obsened a small
degradationin recognitionaccurag when we replacedour tradi-
tional Switchboardtraining corpuswith the retranscribedand re-
segmentedranscriptfrom MississippiState-1SIH4], althoughthis
stepalsonearlydoubledthe amountof training material. This sur
prisingresultneedsmoreinvestigation,oneplausiblereasoris that
the training setbecomesxcessvely biasedtowardthe characteris-
tics of Switchboard-Xasopposedo Switchboard-ZAndCallHome).
This hypothesigs consistentvith thefactthatothershave obsened
improved resultswith an explicit strongerweightingof CallHome
trainingdata[11].

Initial N-bestandlatticegeneratiorusedwithin-wordtriphonemod-
els. Unlike in previous years,we alsotrained(and adaptedip set
of cross-wordriphonemodels for the subsequetlattice decoding
stage. The introductionof cross-wordriphonesreducedhe WER
by 1.3%.

Acoustictraining resultedin 2,063malegenonesand?2,348female
genone®f 64 Gaussiangachfor thewithin-wordtriphonemodels.
Therate-independemtross-wordsnodelsused3,064malegenones

and?2,721femalegenones.Therate-dependerndross-wordnodels
(seeSection2.3) comprised3,323malegenonesand2,983female
genones. Adjusting the stateclusteringto producelarger models
gavenoimprovementgalthoughthereis apossibilitythatthiswould
changef we combinedlarger modelswith the addedtraining data
mentioneckarlier).

Speaketdepenlert acousticmodels were createdby a two-step
adaptatiorprocess.First, we adaptedhe genderdependenGaus-
sian meansonly, by maximizing the likelihood of a phone-loop
model. This stepdoesnot requirea prior recognitionpass,yet it

yields over 50% of theimprovementof a transcription-modedap-
tation. We combinedthe phone-loopadaptednodelswith trigram

N-bestrescoringto obtain high-quality hypothesedor usein the

subsequet transcription-mod@daptation.In this secondstep,we

adaptedhe genderdependenmodelsagain,this time usingbotha

block-diagonameandransform[16] andvariancescaling[19].

Relative to our previous system the adaptatiorprocedurevasim-

proved in several ways. The addition of variancescaling, which

hadpreviously beenomitted, reducedWER by 0.2%. We thenin-

creasedhe numberof phoneclassegi.e., transformsjn the second
adaptatiorpassfrom 3 to 7, yielding a 0.7% lower WER. Finally,

we madethe adaptatiortio transcriptionsnorerobustto recognition
errorsby replacinglow-confidencewvord hypothesesvith a phone
loop, similar to the oneusedin the first adaptationpass. For this

purposethe word posteriorestimateslerived asa by-productof the

trigramN-bestrescoringverethresholdeat 0.8. This combination
of transcriptiorandphone-loopadaptatiorreducedNVER furtherby

0.2%?2

2.3. Duration and rate-of-speechmodeling

Two new kinds of model were included in this years system
to specifically addressduration-relatecaspectsof corversational
speech. The first of thesemodelscharacterizephonedurations
within a word, conditionedon both the word identity and the co-
occurringphoneswithin theword. Thisis achievedby modelingthe
joint phonedurationdistributions as word-dependentnultivariate
Gaussiangyackingoff to triphone-andphone-conditionedistribu-
tions for casesof sparsetraining data. The phonedurationmodel
is appliedasan additionalknowledgesourcewhenrescoringthe fi-
nal N-besthypothesesandachieseda 0.8% WER reductionat that
stage Detailsof theapproactaredescribedn aseparat@aper17].

Duration,or local speakingrate variation, also affectsthe spectral
propertiesof speech.This is accountedor in our systemby hav-

ing separatecousticmodelsfor fastandslow realizationsof each
phone. The modelis constrainedo switch betweenfastand slow

modelsonly at word boundaries. This approacheffectively com-
bines speakingrate detectionand rate-specificscoring as part of

thedecodingprocess.As describedn [28], rate-dependemhodels
lowerthe WER by 0.7%in our baselinesystem.

3. Pronunciation Modeling
3.1. Dictionary optimization

Thedictionaryin SRI'sLVCSRsystemis basednversion0.4of the
CMU pronunciatiordictionary In previous systemawve hadsimply
strippedthe lexical stressdiacriticsin the CMU phoneset, based
on experimentsshowing thatstress-markeghoneddid notimprove
recognitionaccurag. This yearwe systematicallyexploredseveral

2Becaus®f time constraintshislastfeaturewasnotincludedin theeval-
uationsystem.



Table 3: Dictionary excerptshawing differentkinds of multiword
pronunciations:(1) reducedform, (2) concatenatedanonicalpro-
nunciationsand(3) canonicalpronunciationsvith pauses

(1) alotof axlaadxax
(2) alotof axlaotahv
(3) alotof ax-laot-ahv

changeso thephoneset,andsettledonavariantin whichunstressed
[ah0] and [ih0] were codedas a separateschwaphone[ax]. We
alsoreplaced]t] and[d] in the appropriatecontets by a new flap
phone[dx]. The dictionarythus modifiedyieldedabout1% WER
improvement.

3.2. Multiword modeling

Next, our goalwasto modelthe substantiapronunciatiorchanges,
especiallyphone(or evensyllable)reductiondoundin spontaneous
speech[10]. Since thesechangesoften involve phonesat word
boundariesndarepredictabléy word combinationswe decidedo
follow the“multiword” approactalsousedby othersystendevelop-
ers(e.g.,[7, 13]). Multiwords arestraightforwardo implementin a
standard.VCSR systemsinceit only involvesdefiningvocalulary
itemscomprisingmultiple words(e.g.,“going-to”) andgiving them
idiosyncraticpronunciationsvhereappropriatge.g.,“gonna”).

We considereall bigramsandtrigramsthatoccurrednorethan200
timesin thetrainingdata.A phoneticiar(ColleenRichey) examined
thecombinedoronunciatiorentriesandaddedpossiblediosyncratic
alternatdforms? Only multiwordsthathadpronunciationgliffering

from the canonicalforms wereretained. This yielded 1,389multi-

wordstypeswith atotal of 1,802idiosyncraticpronunciations.To

thesewe addedall canonicamultiword pronunciationstakingcare
to includeforms with pausesat word boundaries.This resultedin

a total of 11,072multiword pronunciations.Table 3 shows an ex-

ample of the differentkinds of dictionary entriescreatedas a re-

sult. Overall, multiwords covered about40% of all word tokens
in the Switchboardand Call[Hometraining transcripts.Finally, we

retrainedacousticmodelswith the new dictionary and estimated
contet-independenprobabilitiesfor all pronunciationsincluding

thoseof multiwords.

We foundthatwe could pruneword pronunciationsvith probabili-
ties smallerthan0.3 timesthoseof the mostprobablevariantwith-
out affecting recognitionaccurag much. The pruneddictionary
retained3,652 multiword pronunciationandresultedin consider
ablespeedumndmemorysavingsduring the initial bigramdecod-
ing phaseandactuallyyieldeda smallaccurag improvementin the
lattice decodingruns, so we decidedto useit in both recognition
passe$.

To incorporatemultiwordsinto the languagemodel (LM), we sim-
ply replacedthe appropriatebigramsand trigramsin the training
transcriptswith correspondingnultiwords and otherwiseusedthe
standardLM training procedure. However, we obtainedbestre-
sults when thesereplacement&xcluded caseswhere noise mark-
ers or punctuationhad occurredat word boundaries. We found

3This crucial stepwasinformedby bothlinguistic knowledgeandexpe-
riencegainedin theICSI SwitchboardlranscriptiorProject[10].

4 Post-@aluationwe founda bug thathadcausedronunciatiorprobabil-
itiesto beignored althoughpruninghadnotbeenaffected. While we did not
rerunthe entirerecognitionsystemwe observedhatlattice decodingresults
improvedby 0.3%afterwe fixed the problem.

Table4: Multiword experimentgmaledevelopmentestset)

Model WER
No multiwords 49.0
Multiwordsin LM only 48.3
Multiwords in dictionary(unpruned) 45.7
Multiwords in dictionary(probabilities)  44.5
Multiwords in dictionary(pruned) 44.8

that the multiword bigram LM performedbetterthan the regular
bigram,presumablybecause¢he multiwordseffectively capturefre-
guenthigherorderN-grams.Thisis in agreementvith [13], butruns
countetto theresultsof [7], whichcouldbedueto theincreaseanul-
tiword coveragein our system,or the specialtranscriptprocessing
describedabove.

Results Table4 shavs comparatie resultswith variousstagesof
multiword modeling on the male subsetof the developmentset,
usinga bigramrecognizer We found that multiwordsin the LM

alone gave a 0.7% improvement, which increasedo 3.3% when
idiosyncraticmultiword pronunciationsvere addedwithout prob-
ability weighting. Adding pronunciatiorprobabilitiesgave anaddi-
tional 1.2%improvement,which wasonly slightly reducedy dic-
tionary pruning. On the full developmenttest set, the combined
WER reductionwith pruningwas4.4%. However, we found that
laterin the recognitionsystem the incrementalin from decoding
trigramlatticeswasreducedy 0.4%,consistentwith the notionthat
themultiword-bigramLM alreadybenefitfrom partialmodelingof

higherorderN-grams.

4. LanguageModeling
4.1.Word- and class-N-grams

Initial decodinguseda multiword bigram backof LM containing
about1.3M bigrams. The LM wastrainedfrom all Switchboard-1
transcript§3M words),100 CallHomeconversationg210K words),
andtheBroadcasNews (Hub-4)LM trainingcorpus(130Mwords).
Therecognitionvocalulary contained34,000word types,including
all thosefoundin the spontaneouspeectmaterialsandthe 10,000
mostcommonwords from the BroadcasiNews corpus. Consider
able effort was spentin trying to makethe BroadcastNews tran-
scriptsconformto the Switchboardvocahulary (including the re-
placemenif multiwords). Separatd Ms weretrainedfrom each
corpusandthenstatically interpolatednto a singlebackof model
usingthe SRILM tools[21]. Theinterpolationweightshadbeenop-
timizedfor perpleity on prior evaluationdata.To save memoryand
time duringinitial decodingwe alsoprunedtheLM of bigramsthat
causedessthan10~® relative changein perpleity [20]. Lattice
expansionusedan unpruned trigram backof LM (4.8M bigrams,
11.5Mtrigrams)constructedn the samefashion. The compactri-
gramexpansiontechniquedescribedn [26] wasemployedfor in-
corporatingtrigram LM scoresinto the latticesprior to the second
decodingpass.Our 1998evaluationsystemdid not usetrigramsin
recognitionfrom lattices,leaving themfor rescoringof the final N-
bestlists. We estimatethatthe lattice-basedrigram searchreduced
final WER by about0.7%.

A furtherimprovementwasobtainedy rescoring\-bestlistswith a
class-based-gram,for which word classe$iadbeenautomatically
inducedfrom the Switchboardand CallHometexts usinga mutual-
informationcriterion[3]. The class-LMprobabilitieswereinterpo-



Table5: Anti-LM performanceomparedo a baselind-M

Model Testset Weight
Tuning Held-out | Std.LM  Anti-LM

Baseline 41.9 43.5 9.1 n/a

Anti-LM 415 43.1 13.6 -2.4

latedwith the standardrigramattheword level, for awin of 0.6%.

Two additionalpotentialLM improvementsve investigatedverean

explicit optimizationof thevocahulary size,andtuningof thereject
modelprobability(therejectmodelcorresponds unintelligibleand

out-of-wocahulary words and fragmentsin the training transcripts,
butis otherwisereatedasaregularword). However, neitherof these
experimentgave improvedresults.

4.2. Anti-language model

In previousyearswe hadexperimentedwith variousdiscriminatie

LM trainingapproachesyith thegoalof makingtheLM sensitveto

theacoustianodelandto optimizefor overallrecognitionerror[23].

Theseexperimentspasedn maximummutualinformationestima-
tion andgradientdescenin the LM parametespacewerelargely
unsuccedsll becauseof datasparsenesand overfitting problems.
This yearwe pursueda similar goal with a more heuristic,but, as
we hoped morerobustapproach.

Ourapproachs to constructa separatéanti-LM” of thosehypothe-
sesthatareacousticallyconfusablewith correcttranscriptionsThe
resultingN-gramLM givesascorethatcanbeusedo penalizdikely
misrecognitions The ideais differentfrom, yet similar in spirit to,
othercorrectve modelingapproacheshatadjustmodel parameters
away from recognitionerrors[12, 1] or thatlearnpost-recognition
errorcorrection18]. Theanti-LM itself canbetrainedontheacous-
tic trainingcorpus andonly asinglepenaltyweightparameteneeds
to be estimatedn held-outdata,makingthe estimationvery robust.

We implementedhe anti-LM asfollows: 500-bestrecognitionhy-
pothesedor a 1.6M word subsedf the SwitchboardandCallHome
training corporawere generated.The hypothesizedN-gramswere
weightedby the posteriorprobabilities(normalizedN-bestscores)
of the hypothese# which they occurred.N-gramswith a total ex-
pectedcountof atleastl wereusedin estimatinga backof trigram
anti-LM. The Witten-Bell discountingschemg27] was employed
sinceit naturallygeneralizeso fractionalcounts.We thengenerated
anti-LM scoredor the2000-beshypothesefrom our development
testset,andoptimizedthelog-linearscorecombinationveightsrel-
ative to the standardacousticandlanguagenodels.

Results Table5 shows the N-bestrescoringperformanceon both
the developmentsetusedfor tuningandthe held-outdata. On both
datasetsthe anti-LM reducesghe WER by 0.4% comparedo the
baselinewithoutanti-LM. Also shavn aretheoptimizedweightsfor
thetwo LMs. Theoptimizationof the anti-LM weightwasallowed
to useboth positive andnegative values,yetit settledon a negative
valueasintended.

We alsoexperimentedvith variantsof the training procedure.One
variantwasto remove the correctN-gramsfrom the posteriorN-

bestdistribution, to emphasizéncorrectoutputs;anotheexperiment
usedonly acousticscorego computeposteriorexpectedcounts to

let the anti-LM focus on acousticconfusability However, both of

thesemodificationsdegradedthe resultsslightly.

Incidentally N-bestgeneratiorfor training the anti-LM madeuse
of a recognizerthat was much poorerthan our currentsystem(it

usedthe 1997Hub-5acoustianodels ,bigramLM, andno speaker
adaptve features). The effectvenessof the anti-LM underthese
conditionsspeakdor therobustnes®f thetrainingapproachpnthe
otherhand,we can expectfurther improvementsfrom a complete
retrainingwith the currentrecognitionsystem.

5. Model Combination
5.1. Progressiveseaich organization

Our system follows the principle of progressie search[15],
wherebysuccessiely more detailed (and computationallyexpen-
sive) knowledge sourcesare broughtto bear on the recognition
searchasthe hypothesispaceds narroved down. Accordingly, we
usewithin-wordtriphoneacoustionodelsandabigramLM for ini-
tial, unconstrainedecognition;followed by trigramLMs andcross-
wordtrigramsfor decodingrom lattices;followedby N-bestrescor
ing with class-based-gram,anti-LM, anddurationmodels. A re-
visedlattice-generatiomndexpansionalgorithm[26] allowed usto
apply cross-wordmnodelsandthe trigram LM earlierin the search
thanin previoussystems.

Rate-dependemhodelswere integratedinto the evaluationsystem
by generatinga separatesetof N-bestlists andapplyingthe system
combinationtechniquedescribedn the next section.This approach
proved superiorto acousticrescoringof N-bestlists with the rate-
dependentnodels.

5.2.N-bestROVER

Thewidely usedROVER approacho systemcombinatior{8] com-
binesthe 1-bestoutput from several recognitionsystemsby vot-
ing amongthe varioushypothesest the word level. In a related
approachjt wasbeenshovn that WER canbe reducedby letting
theword hypothese$rom a singlerecognizewotewith their poste-
rior probabilities,sincethis reduceghe expectedword (ratherthan
sentence-leel) error[22, 14]. Thisleadsto a naturalgeneralization
of bothapproachesn which the N-bestlists from multiple systems
arecombined. Word hypotheseganthencompeteon the basisof
posteriorprobability estimateghat are interpolatedfrom multiple
systemoutputs,andarethereforemoreaccurate.This way, for ex-
ample,two second-rankettypothesegould override a 1-besthy-
pothesisf the combinedposterioris high enough’

Algorithm The “N-best ROVER” algorithm starts by word-
aligning N-besthypothese4 from multiple systemsS;. Eachsys-
tem computests own word posteriorestimatedy log-linearscore
weighting,followed by normalizatiorover all hypotheses:

Z ezi Xijsij(R|X)

Pi(w|X) = =< @)

Zezj Aijsij(h|X)

all h

wherew is aword hypothesisands;; (k| X) is the jth log scorefor
hypothesig: in systemS;. The combinedposterioris computedas
alinearcombination

P(w]|X) = pi Pi(w|X) @

5Theideaof combiningmultiple hypothesespacesvasindependently
developedby [6] for lattices,andagainfor N-bestlists by [9]. Ourimple-
mentationof N-bestROVER is availablein [21].



Table6: Systemcombinatiornresultswith N-bestROVER

System WER
Rate-indepcross-wordt+ duration+ anti-LM ~ 37.6
Rate-dependemtoss-word 39.2
Rate-independemion-cross-word 41.2
N-bestROVER 37.1
StandarcROVER 37.4

wherey; aresystemweights,empiricallychoserandsummingto 1.
As usualin N-bestor lattice-basedoting, theword hypothesegvith
the highestposteriorat eachpositionin the alignmentare concate-
nated.

Results Table 6 shavs comparatie results with three individ-

ual systemsN-bestROVER combination,andthe standardl-best
ROVER. The parameter®sf both ROVER methodshad beenopti-

mizedfor the testset. The WER with N-bestROVER was about
0.3%below thatof the standardROVER, consistentvith resultsby
[6]. We alsofoundthatit wasbestto combinesystemswith mini-

mal overlapin their knowledgesources Accordingly, only thefirst
systemincorporatediurationandanti-LM rescoring.

The N-bestROVER result(37.1%)wasthefinal WER of our eval-
uationsystemon the developmentset, usingthe full NIST scoring
protocol. The correspondingumberon the March2000testsetwas
30.2%.

Weight optimization for word-level scoring Thescorecombina-
tion weights;; in Equation(1) needto be optimizeddiscrimina-
tively. In thepastwe achievedthis approximatelypy carryingoutthe
usualoptimizationfor sentence-keel hypothesiganking,andthen
rescalingsothatthe LM recevesweight1. We recentlydeveloped
anew approachthatdirectly optimizesthe weightingfor word-level
hypothesiselectionjnspiredby thediscriminatve modelcombina-
tion (DMC) algorithm[2]. However, becaus®f theform of (1), the
closed-formsolutionof DMC doesnot apply; instead we optimize
by gradientdescenbn a smoothedvord-errorfunctionin the style
of GPD[12].

6. ConfidenceEstimation

Asin previousyearswe usedaneuralnetworkto estimatevord cor
rectnesgrobabilities(confidencesfrom word-level features[25].
However, becaus®f time constraintsye limited the numberof in-
put featuresseverely. Only the combinedword log posteriorsrom
the N-bestROVER systemwere used,sincethis measurealready
constitutes confidenceneasur¢hatincludesall knowledgesources
usedby the recognizer The networksimply adjuststhe posterior
estimatego compensatéor the biasresultingfrom the limited hy-
pothesispaceaepresenteth the N-bestlist, asshavnin Figurel.

We addedtwo minor, readily availablefeaturesthat could help the
network gaugethe magnitudeof the posterioroverestimates.Us-
ing the overall numberof wordsin the hypothesisandthe relative
positionof theword within the utterancewe achiezeda small (1%
relative) reductionin cross-entropy The normalizedcross-entropy
(NCE) achieved on the 1998 developmentsubsetwas0.207(0.233
on the March 2000test set). Sincethesevaluesare considerably
higherthanin previoussystemsve concludethattheN-bestROVER
approacthsignificantlyimprovesthe preliminaryposteriorestimates
comparedo thoseof a simpleN-bestapproach.

Figurel: Word-posterioto confidencemappingby neuralnetwork
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7. Summary

Overall,thecombinatiorof techniqueslescribedherereducedvord
errorrateby about12%absolutén our Hub-5system.Table7 gives
anapproximateébreakdavn of thisimprovementestimatedrom var-
iouscontrastve experimentsthesumof individual WER reductions
is smallerthanthe actualtotal reduction,partly becausehe base-
line WERsfor the variouscontrastswere higherthanin the final
systemandpartly becausesomeof the approachesverlapin what
they model(e.g.,cross-wordacoustionodelingandmultiword pro-
nunciations).

We notethat by far the largestimprovementswere achiesed by a
reconfiguredproadesbandfront end,andby extensve cross-word
pronunciationmodeling via multiwords. Three novel knowledge
sourcesa durationmodel, rate-dependergcousticmodels,andthe
anti-LM eachcontrituted small, but significantimprovements.Fi-

nally, an N-bestgeneralizatiorof the ROVER techniquegave an
additionalwin whencombiningmultiple systemoutputs,aswell as
yielding improved word posteriorestimatedor confidenceestima-
tion.

Table7: Factorsthatimproved recognitionaccurag

What A WER
Wider front end/morecepstrakoefs. -4.4
Multiword dictionary -4.0
Cross-wordriphones -1.3
Schwasandflapsin dictionary -1.0
Durationmodel -0.8
Rate-dependemhodel -0.7
More detailedadaptatioriransform -0.7
Trigramlattices -0.7
Cepstralvariancenormalization -0.6
ClassLM -0.6
N-bestROVER -0.5
Anti-LM -0.4
Trainingtranscriptcleanup -0.3
Variancescalingtransforms -0.2
Total -16.2
Actual -12.5
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